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 ABSTRACT 
Insuring the safety of our water for consumption and recreation is a crucial but extremely 
difficult and resource intensive activity of environmental protection agencies. One of the 
ways our water is at risk is through the increased frequency, and intensity of harmful 
algal blooms (HABs). When CyanoHABs occur, they can produce a toxic byproduct, 
most notably microcystin in freshwater, which can be harmful to humans and animals. 
Previous research has indicated these blooms are driven by increased eutrophication of 
water bodies, the excess loading of nutrients. In Iowa, the main driver of CyanoHABs in 
most watersheds is agricultural runoff, which carries increased nutrient loads from 
fertilizer, sediment, and animal waste. CyanoHABs can be further enhanced by a range of 
climatic conditions that potentially serve as drivers (e.g. air temperature and 
precipitation). Although there has been research into the spatio-temporal drivers, further 
research is needed to better explain how and when blooms occur in relation to different 
land use and climatic factors, or ultimately how we can predict CyanoHABs. This 
research uses PRISM climate data, land use/cover data from the USDA, and water quality 
data from the Iowa State Department of Natural Resources as dependent and independent 
variables in statistical regressions to determine land use/climate associations with 
CyanoHABs and to determine if a predictive statistical model can be developed to predict 
future CyanoHABs. This research spans from 2006-2016 and lakes included in the Iowa 
State Beach Monitoring Program. Logistic and multiple linear regressions were 
performed for all variables to identify the main drivers of harmful algal blooms and 
 increased concentrations of microcystin. A logistic regression produced an RP2P = 0.44, 
with the main predictors being turbidity, soil moisture 2 weeks prior, and cooler/wetter 
spring and winter seasons. Multiple linear regression showed that higher temperatures 3 
weeks prior could increase the concentrations of microcystin, as well as higher 
temperatures the day of sampling, increased turbidity, and the total length of streams 
within the watershed of the sampled lake.  
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CHAPTER I 
INTRODUCTION 
 The rate of harmful algal blooms is increasing across the globe, and has been 
observed to be a problem in the surface waters of Iowa (Taranu, Gregory-Eaves, Steele, 
Beaulieu, & Legendre, 2017; Carmichael et al., 2001). Anthropogenic changes to the 
climate are promoting conditions that are favorable for the growth of blooms, as well as 
the way the land is being managed. Land in Iowa is managed so that crop production is 
maximized, and therefore there are a lot of nutrients being applied to crops every year, 
which can be detrimental to the land and waterways surrounded by this cropland. In 
Iowa, eutrophication of lakes is a major water quality issue, and is recognized as a serious 
problem affecting our water, specifically because of the human activities such as crop 
production, and urbanization in the surrounding watershed (Taranu, Zurawell, Pick, & 
Gregory-Eaves, 2012; Iowa Department of Natural Resources, 2013). Eutrophication 
poses a serious health risk, not only to humans, but to animals as well (Taranu et al., 
2017; Carvalho et al., 2013). 
The Environmental Council of Iowa has recognized that algal blooms are a 
growing health and environmental concern. The Council has compiled the number of 
state issued advisories for all the lakes that are sampled in Iowa for the beach monitoring 
program. There has been a steady increasing trend in bloom occurrences in Iowa over the 
last 10 years (Figure 1). Harmful algal blooms in Iowa waters are a result of 
cyanobacteria that produce a toxic byproduct, microcystin. Microcystin is a class of 
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hepatotoxins (liver damaging toxin) which can have adverse health effects such as liver 
damage, gastrointeritis, skin irritation, increased risk for cancer, and in severe cases, 
death (United States Environmental Protection Agency, 2012; Rinta-Kanto et al., 2009; 
Dietrich & Hoeger, 2005). With the associated risk of microcystin, it is important to 
understand what is causing harmful algal blooms, and how to mitigate their occurrence.  
 
Figure 1.  Number of advisories for Iowa state park beaches with microcystin toxin 
exceeding 20 μg/L. Sampling was limited in 2008 due to statewide flooding. 
 
Although there is a general acceptance that eutrophication is one of the main 
drivers of cyanobacterial growth, many studies have shown that certain climatic 
conditions cause an increase in cyanobacterial growth as well. However there is 
disagreement among researchers regarding which variables are most important, and how 
the interactions among them contribute to CyanoHABs (Taranu et al., 2012). Climatic 
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variables can play a large role in the propagation of cyanobacterial growth, but little 
research has been done to investigate the time frames in which CyanoHABs will start to 
form and produce toxin relative to the antecedent conditions (Reichwaldt & Ghadouani, 
2012). Other antecedent conditions such as the overall water quality (turbidity, dissolved 
oxygen, pH, water temperature, nitrogen, phosphorus) and the characteristics of the 
watersheds that contribute to the lakes can also provide insight into what might be 
causing the blooms to occur, and how all the different variables interact over time. Past 
studies attempted to determine which variables have a direct link to CyanoHABs and 
increased concentrations of microcystin in the water over time, and then predict the 
CYANOHAB events, but it has been difficult to produce a robust statistical model 
(Reichwaldt & Ghadouani, 2012; Kardinaal et al., 2007).  
Research Goal and Questions 
 The goal of this research is to determine what antecedent land use and climatic 
drivers contribute to the growth of harmful algal blooms. There are a lack of studies 
investigating climatic drivers such as temperature, precipitation, and soil moisture over 
many years and how these variables contribute to the occurrence, severity, and toxin 
concentration of harmful algal blooms. Findings in this study may elucidate signals in 
time that can help predict when a harmful algal bloom will appear.  
 Data from water quality testing for microcystin toxin, pH, water temperature, 
turbidity, and dissolved oxygen are available from 2006-2016 is included in this study. 
Land use types for the watersheds surrounding lakes tested for water quality are used to 
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find correlation between agricultural land and increased blooms in the lakes. Climatic 
data for variables including precipitation, temperature, and soil moisture, are included to 
determine which variable has the greatest impact on harmful algal blooms. The use of 
GIS allows for preprocessing that is necessary for data to be prepared for statistical 
analysis.  
The main question posed in this study is: What relationships do antecedent land use 
and climatic conditions have with the occurrence of harmful algal blooms and the 
concentrations of microcystin in Iowa lakes over the past decade? Specific questions 
include the following: 
1. What is the temporal trend of harmful algal bloom occurrence in the studied lakes 
in Iowa over the study period? 
2. Which water quality variables best correlate with the propagation of harmful algal 
blooms and how can these variables be used to predict future blooms? 
3. Are there signals that can predict when a harmful algal bloom will appear in the 
future?  
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CHAPTER II 
LITERATURE REVIEW 
Water Quality 
 Lake water quality is influenced by the pollutants carried into waterbodies by 
precipitation throughout the watershed. The United States Environmental Protection 
Agency (US EPA) assesses aquatic resources with 4 indicators: biological, physical, 
chemical, and recreational/human health. The biological indicator is determined by the 
presence of benthic macroinvertebrates, chlorophyll-a, algae, and zooplankton. 
Drawdown, human disturbance, sediments, water clarity, and shallow water habitat 
constitute the physical indicators of water quality. Chemical indicators are pH, dissolved 
oxygen, conductivity, salinity and the amount of nutrients in the water such as nitrogen 
(N) and phosphorus (P). Recreational/human health indicators are based off 
concentrations of algal toxin (microcystin), enterococci, and biomass of cyanobacteria 
(US EPA, 2012). 
UWater Quality Sampling in the United States 
 The US EPA samples lakes at random throughout the United States and conducts 
an aquatic resource survey to assess the status of the changes in the quality of the many 
different waterbodies in the nation including: lakes, reservoirs, rivers and streams, coastal 
waters and wetlands. The goals of the National Lake Assessment are to find out the 
conditions of lakes, and what the relative importance of stressors are to the conditions 
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(US EPA National Lakes Assessment, 2012). Samples are taken at the deepest or most 
center part of the lake (profundal zone), otherwise samples could be taken too close to 
shore in different zones where the conditions may be unrepresentative of the entire lake. 
This is the traditional method of water quality monitoring used by federal agencies such 
as the US EPA, and state agencies like the Iowa Department of Natural Resources 
(IDNR).  
UWater Quality Sampling in Iowa 
 The Department of Natural Resources in the state of Iowa manages water quality 
by following the state’s Water Quality Standards laid out in Iowa’s Administrative Code. 
Iowa’s Administrative Code refers to general and specific water quality criteria in 
Chapters 61.3(2) and 61.3(3), respectively. The general water quality criteria in Chapter 
61.3(2) applies to general use surface waters, as well as designated use. Chapter 61.3(2) 
refers to specific water quality criteria for Class “A,” “B,” “C,” and “HH” waters (Iowa 
Administrative Code, 2017). Class “A” waters are protected waterbodies with 3 
designations: (1) primary contact, (2) secondary contact, (3) children’s recreational uses. 
Primary contact is constituted by prolonged or direct contact with water, with a 
considerable risk of enough water ingestion to pose a health risk. This prolonged contact 
would include activities such as swimming, water skiing, and canoeing. When the only 
possibility to ingest water is accidental, through fishing, boating, or shoreline activities, 
the designation would be secondary contact. Class “B” waters have 6 different types 
relating to aquatic life and wildlife uses (CW-1, 2), temperature (WW-1, 2, 3), and lakes 
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and wetlands (LW). Water sources used for potable water supply is designated under 
Class “C” (Drinking Water Supply), and water sources used for both potable water and 
routine fish harvesting for consumption are classified as Class “HH” (Human Health) .  
 Iowa Department of Natural Resources routinely monitors water quality 
throughout the summer months at state-owned beaches at 39 State Parks on a weekly 
basis beginning in late May and ending in the beginning of September. Approximately 
weekly measurements of the water quality are taken to ensure the recreational water is 
safe for use. Water samples are taken at each beach at three different locations at varying 
depths (ankle-, knee-, and chest-deep); (“State Beach Monitoring,” 2017). Once the 
samples have been collected from each depth, they are combined into one composite 
sample for laboratory analysis. After analysis, the beaches can be classified into three 
different classes: vulnerable, transitional, and non-vulnerable. A beach that is classified 
as vulnerable has violated the geometric mean standard two or more times in the past five 
years (“State Beach Monitoring,” 2017). The geometric mean is to summarize the 
multiple samples of bacterial data because the data are so variable, that a regular mean 
could be influenced by extreme values when the bacteria grow at exponential rates. 
Transitional beaches are beaches that have improved (lower) bacterial levels, and can be 
classified as non-vulnerable if the geometric bacterial mean standard is not exceeded for 
a year (“State Beach Monitoring,” 2017). A non-vulnerable beach is one that has not 
exceeded the geometric mean or has only done so one time in the previous five years 
(“State Beach Monitoring,” 2017). The IDNR uses these classification and the geometric 
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means to inform the public about the safety of the water bodies and will produce 
advisories as to whether swimming is recommended or not. Currently, the IDNR only 
samples microcystin, turbidity, pH, dissolved oxygen, water temperature, Enterococcus, 
Escherichia coli, and total coliform. 
Harmful Algal Blooms 
 Algal blooms have long been a natural phenomenon. Indigenous tribes used to 
avoid shellfish during certain times of the year or at different locations because of the 
contamination from toxins the algae were producing (Anderson, Glibert, & Burkholder, 
2002). The past several decades have brought on what appears to be an escalation of the 
incidence of the CyanoHABs (Anderson et al., 2002). Harmful algal blooms are plant-
like, photosynthetic cyanobacteria that can be harmful to the environment, animals, and 
humans alike (Anderson et al., 2002). Among the thousands of different species of algae 
and cyanobacteria, there are only a few dozen that actually produce toxins (Turgeon, 
Sellner, & Scavia, 1998). Microcystis and Anabaena are common species found 
producing microcystin toxin (Weirich & Miller, 2014). Andersen (1996) defines harmful 
algal blooms as events where one or several harmful algae reach concentration levels that 
can cause harm to other living organisms. The algae can cause harm in multiple ways: 
they can produce a toxin and release it into the environment, they can accumulate 
biomass, affecting other organisms, or they can deplete water of dissolved oxygen 
(Anderson et al., 2002). Harmful algal blooms can cause a discoloration of the water, 
create an excess of foam accumulation and deplete the water of oxygen when they 
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decompose. The frequency in which CyanoHABs occur appears to be increasing 
dramatically, potentially due to anthropogenic eutrophication (Anderson et al., 2002; 
Glibert, Anderson, Gentien, Granéli, & Sellner, 2005, Kudela, Lane, & Cochlan, 2008). 
Kudela et al. (2008) attempted to assess the role of nitrogen uptake and the propagation 
of different species of harmful algal blooms in California and found that the availability 
of anthropogenic nitrogen (urea) was an important factor in harmful algal growth. 
Understanding the conditions in which CyanoHABs are caused and later flourish is vital 
to protecting the health of the aquatic ecosystems, wildlife, and humans.  
Microcystin 
UHealth Risks 
 With an increase in incidences of CyanoHABs, there is a greater risk of human 
exposure to the dangerous toxins in recreational environments via accidental ingestion of 
water or intentional ingestion through drinking water and foods (Weirich & Miller, 
2014). That is why microcystin is the toxin of focus for this study, it is produced by the 
species present in Iowa lakes, and is tested for by the Department of Natural Resources in 
Iowa. The massive accumulation of harmful cyanobacteria lead to a production of a range 
of toxic secondary metabolites that can have an effect in both chronic and acute dosages 
(Weirich & Miller, 2014). Microcystin and nodularin are the two most commonly found 
hepatotoxins in freshwater and brackish waters (Weirich & Miller, 2014). Microcystin is 
a cyclic nonribosomal peptide that is produced by cyanobacteria that exhibits potent 
hepatotoxic properties (Beaver et al.,2014). There are multiple species that have been 
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reported to produce microcystin, including Microcystis, Anabaena, Oscillitoria, 
Planktothrix, Nostoc, and Gloeotrichia (Weirich & Miller, 2014). Microcystin’s common 
cyclic structure is made up of an Adda ((2S,3S,8S,9S)-3-amino-0-methoxy-2,6,8-
trimethyl-10phenylldeca-4,6-dienoic acid) chain and four or six amino acids (Weirich & 
Miller, 2014). There are many variations in the structure of the toxin and not much is 
known about the relationship between variation and toxicity (Weirich & Miller, 2014). 
Exposure to microcystin through drinking water is of special concern. There is a concern 
that the drinking water treatment is not always adequate for removing the CYANOHAB 
toxins and occasionally fail to reduce the concentrations below the recommended World 
Health Organization (WHO) advisory level (Weirich & Miller, 2014). 
 For recreational waters, the US EPA has adopted the World Health Organization’s 
guidance values for the relative acute health effects during recreational exposure to 
cyanobacteria and the probability of microcystin concentrations (Table 1); (US EPA, 
2017; WHO, 2003). The US EPA allows states to implement their own harmful algal 
bloom response guidelines for recreational waters, and Iowa’s guideline is ≥ 20 µg/L, 
with a warning to exercise caution when this level is exceeded. Other major agricultural 
states like Nebraska, Kansas, Illinois, and Missouri have their own guidelines as well. 
Illinois will report an event to the local lake management authority when microcystin 
concentrations approach or exceed 10 μg/L. Kansas will put out a public health advisory 
for concentrations >4 μg/L or 20,000-100,000 cell/mL cyanobacterial cell counts, and 
restrict contact with the water if concentrations exceed 20 μg/L or exceed 100,000 
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cell/mL with visible scum present. Each of these states exercise a little more caution than 
Iowa, while Missouri does not have guidelines. Nebraska upholds the same guidelines as 
Iowa does (US EPA, 2017). Currently the US EPA has recommended that the 
microcystin advisory level be reduced from 20 μg/L to 4 μg/L. This is >5 times less than 
the current limit, and is in part due to the more recent research conducted regarding the 
serious health impacts the toxin have (Environmental Council of Iowa, 2017).  
Table 1. US EPA and WHO cyanobacteria health risk guidance values. 
Relative Probability of 
Acute Health Effects 
Cyanobacteria 
(cells/mL) 
Microcystin – LR 
(μg/L) 
Chlorophyll-a 
(µg/L) 
Low < 20,000 < 10 < 10 
Moderate 20,000-100,000 10-20 10-50 
High 100,000-
10,000,000 
20-2,000 50-5,000 
Very High > 10,000,000 > 2,000 > 5,000 
 
UEnvironmental Interaction 
Taranu et al. (2017) applied a hierarchical zero-altered model to test the 
environmental feature interactions at different scales with microcystin concentrations. 
Using boosted regression trees, they were able to identify environmental thresholds 
related to impairment due to microcystin. The model developed by Taranu et al. (2017) 
accounted for 55% of the variance in probability of detecting the microcystin toxin in the 
United States as well as 25% of the variability once detected. Boosted regression trees 
found that regional drivers such as land use in different ecoregions and local drivers such 
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as water quality variables were associated with microcystin toxin concentrations, but 
more at a local level (Taranu et al., 2017). 
UClimatic Conditions 
 While a strong relationship between eutrophication and CyanoHABs has been 
established, another major influence of CyanoHAB expansion are climatic changes (Paerl 
& Paul, 2012). Specifically the hydrological affects associated with global warming have 
a strong effect on the physical-chemical environment and biological processes, algal 
growth rates, metabolism, and bloom formation (Paerl & Paul, 2012). Warmer water 
temperatures can promote the growth of CyanoHABs because the growth rates of 
prokaryotic organisms are optimal at relatively high temperature (Paerl & Paul, 2012). 
This provides the cyanobacteria a distinct advantage, especially when temperatures reach 
or exceed 25°C (Paerl & Huisman, 2008). The water bodies where blooms occur are 
likely most affected by the change in patterns of precipitation and drought.  
URainfall and Drought 
Rainfall events are categorized by their intensity and frequency which is 
expressed as the amount of rain over a period of time, and the frequency at which an 
event occurs of the same intensity (Reichwaldt & Ghadouani, 2012). More intense 
precipitation will increase the surface and groundwater discharge into waterbodies, thus 
increasing the amount of nutrients available (Paerl & Huisman, 2008). It is known that a 
high intensity rainfall following a long dry period flush a higher amount of nutrients into 
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the local waterbodies than regular, low intensity rainfall events do, due to a buildup of the 
nutrients over the dry period (Kleinman, et al., 2006, Reichwaldt & Ghadouani, 2012). It 
is during these high volume rain events that more runoff is produced following a dry 
period (Chiew, Whetton, McMahon, & Pittock, 1995, Reichwaldt & Ghadouani, 2012). 
Nutrients being washed away during rain events is dependent upon how much moisture 
the soil already contains and the type of nutrient involved (Kato, Kuroda, & Nakasone, 
2009, Reichwaldt & Ghadouani, 2012). If there are more water soluble forms of 
phosphorus in the soil, they will be more easily utilized by algae because of the quicker 
mobilization of the nutrient that occurs during the rewetting of soil that causes 
biochemical and microbial processes to release the phosphorus (Reichwaldt & 
Ghadouani, 2012; Stutter, Langan, & Cooper, 2008; Turner & Haygarth, 2001). This 
scenario presents a “catch-22,” on one hand there is a flushing of water that can prevent 
blooms from forming by reducing the residence time in the lake, but on the other hand, 
the added water carries nutrients with it due to the drought, promoting the formation of a 
bloom (Paerl & Huisman, 2008). This certain situation occurs when the winter-spring 
season experiences elevated precipitation with prolonged summer drought periods (Paerl 
& Huisman, 2008).  
There are many complex factors involved with the relationship between rainfall 
and cyanobacterial bloom dynamics. These factors include: geology, hydrology, 
catchment size, land use of the catchment area, the amount of rainfall and the chemistry 
of the rainfall (Reichwaldt & Ghadouani, 2012). Each of these factors will have the 
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ability to change the conditions of the waterbodies in which CyanoHABs occur and these 
antecedent conditions are perhaps the most favorable for cyanobacteria. 
USoil Moisture 
 Rainfall, drought, and land use are all variables that contribute to soil moisture in 
an area. The moisture content of the soil can be used as a proxy for the indication of 
rainfall and drought. Lower soil moisture would indicate less rainfall and increased 
drought conditions. The amount of nutrients that can be released from the soils is 
dependent on the soil moisture (Kato et al., 2009). A rain event that ends a long dry 
period will lead to a higher amount of nutrients into the surrounding waterbodies, versus 
rain events that happen on a regular basis, this is due to the buildup of nutrients on the 
soil during the period of no precipitation (Davis & McCuen, 2005; Kleinman et al., 
2006). If there is a heavy rainfall, then the runoff nutrient concentrations in that 
catchment will be amplified more on dry soil than wet soil (Chiew et al., 1995). With a 
rain event occurs and washes out nutrients from dry soil, nutrients such as water soluble 
organic Phosphorus can be more easily taken up by algae because of the preceding dry 
period (Reichwaldt et al. 2012, Stutter et al., 2008; Turner & Haygarth, 2001). Therefore, 
the conditions that are favorable for cyanobacterial growth are promoted by rainfall 
events following longer dry periods. Once more, the conditions that are present for a 
prolonged dry period are the conditions that are ideal for cyanobacterial growth.  
15 
Land Use and Nutrients 
 Beaver et al. (2014) studied 1156 lakes and reservoirs in the United States as part 
of the US Environmental Protection Agency’s 2007 National Lake Assessment to find an 
association between the surrounding land use of the water bodies and the concentration of 
microcystin. An unbiased selection of the lakes to be studied was done by the US EPA 
using probability based selections ensuring that the lakes were a true representation of the 
lakes in all regions. All sampling of the lakes was done according to US EPA protocol. 
Their study involved assigning watershed land use to 10 categories: Developed, Barren 
Land, Deciduous Forest, Evergreen Forest, Mixed Forest, Shrub/Scrub, 
Grassland/Herbaceous, Pasture/hay, Cultivated Crops, and Wetlands. These watersheds 
were categorized based on high agricultural influence into three different eco-regions: 
Corn Belt and Northern Great Plains, Mostly Glaciated Dairy Region, and South Central 
Cultivated Great Plains.   
 Canonical correlation analysis was performed by Beaver et al. (2014) using 
Canonical Analysis of Principal Coordinates. They developed a data matrix detailing land 
use type percentages in each watershed of the 1,156 lakes sampled. Five different 
variables were used for the analysis: total nitrogen (µg/L), total phosphorus (µg/L), 
dissolved organic carbon (mg/L), water temperature (°C), and Secchi depth (m) (a 
measure of water clarity). Microcystin and cyanobacterial abundance data was 
superimposed over the plot from the canonical correlation analysis. The analysis 
performed by Beaver et al. (2014) displayed strong positive correlations on the first axis 
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between microcystin concentrations and total nitrogen and dissolved organic carbon. 
Water temperature displayed a strong negative correlation on the second canonical axis. 
Water temperature and total nitrogen did have a correlation with the cyanobacteria 
biomass. There was weak correlation for total phosphorus and Secchi disk depth. It was 
found that watersheds in agriculturally influenced land uses were most likely to display 
microcystin levels that could be harmful to humans. The researchers also found an 
association with higher phytoplankton biomass and agricultural land use.  
Researchers Downing and McCauley (1992) investigated lakes throughout the 
world to find the relationship between total nitrogen and total phosphorus and how they 
vary with lake trophic status. They found that there was a positive correlation between 
increases in total nitrogen and increases in total phosphorus. These high levels of both 
nitrogen and phosphorus were found to be in lakes with a trophic status of eutrophic 
(Downing & McCauley, 1992). 
 Another study performed with EPA National Lake Assessment for the continental 
United States was performed by Beaulieu, Pick, and Gregory-Eaves (2013). The 
researchers quantified the strength of temperature and nutrients as predictors of 
cyanobacterial biomass using empirical modeling. The water quality variables that were 
taken into account were total nitrogen, water temperature, total phosphorus, the total 
nitrogen and total phosphorus ratio, pH, chlorophyll-a, lake area, maximum lake depth, 
and specific conductivity. Statistical analysis of the variables to predict cyanobacterial 
biomass was performed using simple regression by ordinary least squares and nonlinear 
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modeling using additive models. Beaulieu et al. (2013) found that chlorophyll-a was the 
best predictor of cyanobacterial biomass, as well as nitrogen and temperature.  
Eutrophication 
 The term eutrophication was originally used to describe the natural aging process 
aquatic ecosystems underwent as they became rich in nutrients, and plant and animal 
productivity (Anderson et al., 2002). The terms early appearance was due to C.A. Weber, 
who in 1907 said the term described the nutrient conditions determining the flora of 
German peat bogs (Hutchinson, 1973). In 1919, Einar Naumann’s work would begin to 
redefine the terms eutrophic and oligotrophic to describe the appearance of lakes during 
the summer (Hutchinson, 1973). Now, eutrophication has modern meaning in which the 
natural aging process of aquatic ecosystems is sped up hundreds, if not thousands of 
years by human activities that increase nutrient concentrations in the water (Anderson et 
al., 2002). There is potential for increased eutrophication of water bodies, specifically 
lakes, to result in more occurrences of harmful algal blooms (O'Neil, Davis, Burford, & 
Gobler, 2012). Nixon (1995) defined eutrophication as “an increase in the rate of supply 
of organic matter to an ecosystem” (pg.202). Carpenter et al. (1998) that the two main 
causes for eutrophication are from agriculture and urban activity as non-point sources. 
The runoff from agricultural land is very rich in nitrogen (N) and phosphorus (P) from 
fertilizers as well as pesticides used for crop production. It is the runoff from agricultural 
land that is causing most eutrophic water conditions thus resulting in CyanoHABs, and 
depleted oxygen levels among other consequences (Carpenter et al., 1998).   
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CHAPTER III 
METHODOLOGY 
Overview 
 A variety of spatial and temporal datasets were processed using automated 
techniques using ESRI ArcGIS 10.5 and Python. All geospatial data were kept in WGS 
1984 UTM Zone 15 North. The combination of data tables was done using open source 
Python programming language. A variety of python libraries were utilized for the data 
manipulation and analysis, including Pandas, StatsModels, Matplotlib, Numpy, and 
Scipy. These steps led to the development of a variety of independent variables at various 
time lags that were used to statistically investigate relationships to microcystin 
concentrations. An example of water quality data is provided in Appendix C. 
Study Area 
 The state of Iowa is an agricultural state. Corn and soybeans are the most 
common crops. Over the 10 year time frame of the study, the average coverage of corn 
was 12.9 million acres, and soybeans at 9.2 million acres (Cropscape, n.d.). Iowa has 
numerous small lakes throughout the state. There are 39 beaches that the Iowa 
Department of Natural Resources monitors every summer. Thirty-six public beaches 
belonging to 33 different lakes throughout the state comprise the study area (Figure 2). 
Three beaches were removed because they were located on small lakes, and therefore 
very small watersheds. The beaches removed from the study were: Geode Lake, Nine 
Eagles Lake, and Honey Creek Lake. These watersheds were too small to capture any 
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climatic data. Only water bodies that are publicly owned and for recreational usage are 
included in this study. These are the lakes that the IDNR does approximately weekly 
water quality sampling on. The lakes are located within state parks, and are used for 
recreation, such as fishing, boating, and swimming. It is important the water remains safe 
for human contact during peak recreational times over the summer when health can be at 
risk if water quality is too poor. The watersheds for sampled lakes range from 756 acres 
to 77,985 acres, with an average size of 13,722 acres. Several lakes have more than one 
sampled beach: Spirit Lake (2), West Okoboji Lake (4), North Twin Lake (2), and Clear 
Lake (2). These beaches were separated and assigned the same watershed as another 
beach at the same lake, and were analyzed separately as well. Spirit Lake has Crandall’s 
Beach and Marble Beach located at the lake. West Okoboji Lake has 4 beaches: Pikes 
Point Beach, Triboji Beach, Gull Point Beach, and Emerson Beach. Two beaches, one 
east and one west are located at North Twin Lake. Lastly, Clear Lake has a beach at the 
Clear Lake State Park, and a beach in McIntosh Woods State Park.  
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Figure 2. Public beaches where water quality was tested, and the delineated watersheds 
of the lakes. 
 
Data Collection and Processing 
UCurrent Water Quality Monitoring in Iowa 
 Currently the Department of Natural Resources for the State of Iowa conducts 
water quality sampling at state owned beaches. The water quality monitoring is done over 
the summer beginning around Memorial Day in the month of May until around Labor 
Day in September. This is the peak recreation time for beach/park visitors, and is an 
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important time to monitor water quality. Staff go to each lake once a week, and sample 
the water at the beach. Once at ankle-depth, once at knee-depth, and another at waist-
depth. This provides a composite sample for the lab to analyze the different water quality 
variables. The IDNR uses an Abraxis Microcystins-ADDA ELISA kit for analyzing 
water samples (Abraxis LLC, 2017). These samples must then be tested within 24 hours. 
If the samples cannot be tested right away, they can be stored for up to 5 days, as long as 
they are refrigerated. If it must be longer than 5 days, the samples have to be frozen. The 
results are evaluated using the ELISA evaluation programs such as 4-Parameter or 
Logit/Log. The concentrations of microcystin in the water quality samples are determined 
by using a standard curve for each test. The information gathered from lab results are 
then put into a web map on the IDNR website for the public to access. This map gives an 
updated status of the beaches with advisories. 
 The Department of Natural Resources for the State of Iowa provides water quality 
data that has been collected by the state at various waterbodies throughout Iowa. These 
data are provided through the water quality exchange (WQX) which is maintained within 
the storage and retrieval (STORET) database. Within STORET, there are multiple water 
quality monitoring programs that have results from the monitoring done. Water quality 
data collected for this research was aggregated from the State Owned Beach Monitoring 
Program. Algal blooms have been a problem for the State of Iowa for many years, and 
the IDNR has been monitoring the levels of microcystin at the state owned beaches since 
2006. I downloaded water quality data for the study area beaches from STORET. These 
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data covered 2006-2012. I was able to retrieve data for 2013-2016 directly from the 
IDNR (Kendall, personal communication, 2017). In order to only have composite 
samples, surface scum samples were removed from the data. Water quality analytes from 
summer beach sampling provided by the IDNR are shown in Table 2 below. 
Table 2. Water quality analytes tested for the State Park Beach Monitoring program. 
Analyte Units 
Microcystin μg/L 
Dissolved Oxygen mg/L 
Temperature °C 
pH none 
Turbidity NTU 
Enterococcus #/100mL 
Escherichia coli cfu/100mL 
 
The water quality variables that were retained for analysis were: date, analyte, and 
result. Within the analyte column of the data were the variables: water temperature, 
turbidity, pH, and microcystin. Water quality data existed as two different .csv files that 
needed to be organized to be combined with other data and then indexed by the date for 
the time to be considered when conducting an investigation into the time lags that might 
be present. Using Pandas, unnecessary columns were removed, and the dates were 
changed to the correct format and indexed. The water quality data was then merged into 
one .csv file for each lake.  
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UClimate Data 
 Climate data were collected from the PRISM Climate Group, based out of Oregon 
State University (PRISM, 2017). The data products used from PRISM are based on 
climate observations throughout the United States that have been interpolated while 
taking into consideration effects of elevation changes, and what the weather observations 
would have been in the past and then the data are processed to reveal short- and long-
term patterns in the climate. Using a File Transfer Protocol (FTP), I downloaded the data 
in bulk for every day of the year from 2006-2016. There are multiple climate variables 
that can be downloaded, the variables chosen were: precipitation (mm), mean 
temperature (°C), minimum temperature (°C), and maximum temperature (°C). The 
spatial resolution of the PRISM climate data is 4 kilometers.  
Climate data were downloaded as a .BIL file, which could be viewed and 
processed in ArcGIS. ArcGIS Model Builder was used to create a model to iterate 
through all climatic data files and extract them using 1 Km watershed buffers. This was 
done to drastically reduce the amount of climatic data needed, and also only to take into 
consideration the weather conditions that occurred within the watersheds, and not outside 
of it. As previously mentions, some watersheds were too small to extract any climatic 
raster cells, and were removed from the data. Once the climate data was reduced, each 
raster cell that remained was converted into a point feature. These points were then 
exported as tables for each watershed. The climate data were in tabular format storing 
each day and each variable (maximum temperature, minimum temperature, and 
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precipitation). Python was used to go through all the files and merge together tables for 
each unique watershed so each watershed had one table containing every climate variable 
for every day of the study period.  
UCrop Cover Data 
 Crop cover data was accessed from the United States Department of Agriculture 
(USDA) Cropscape web application (Cropscape, n.d.). This web mapping application 
allows for the user to choose a year and display the cropland data for that year, for the 
entire United States. The data product I used for this study was the Cropland Data Layer 
(CDL), which is a geo-referenced raster image (.tif) containing the annual crop land 
cover for each type of crop cover. I downloaded a CDL raster for each year, 2006-2016.  
 Having the different types of crops that are cultivated in each watershed was 
essential to finding out if there is a link between different crop covers and harmful algal 
blooms. Using ArcGIS, I masked the data to only the boundaries of watersheds. There 
were multiple categories of crops provided in the crop data, and the categories varied 
from year to year. It was necessary to reclassify the data into common categories across 
all years. A table showing what each class was reclassified as is located in Appendix B. 
Once the Cropscape rasters were reclassified, the areas of land cover type were tabulated 
for each year and each watershed. Using python, the output tables for each year were then 
merged with all the PRISM, watershed, and water quality data. They were merged based 
on the date, and since this was yearly data, it was duplicated for each day of the year. 
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UWatershed Data 
Watersheds and basin scale variables were provided by the United States 
Geological Survey (USGS) (Ries III et al., 2017). I delineated the watersheds for each of 
the study lakes using USGS StreamStats tool for basin delineation. These watersheds are 
delineated and a report is created for the basin with regression based scenarios such as: 
Peak-Flow, Low-Flow, General Flow, Seasonal Flow, Flow-Duration. Different 
regression base scenarios provide different basin characteristics to include in the report. 
The basin characteristics and descriptions chosen for analysis can be found in Appendix 
A. 
 In order to link the water quality data with the watershed data that I downloaded, 
the water quality and watershed data needed to have the same name in order to match up. 
Each of the watersheds were contained in their own folder and then manually named 
according to what lake was contained within the watershed. Using ArcMap, a buffer was 
given to each of the watersheds. Large watersheds were given a 1000 m buffer, while 
small watersheds were given a 5000m buffer. This was done to properly capture the 
climatic data provided by PRISM. 
U S EPA Risk Index 
 Based on the US EPA standard for health risk, a risk index was created for the 
values of microcystin (Table 3). The risk index was created so the microcystin values 
could then be transformed into an index that fit between 0 and 3. The risk index was 
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created based on the US EPA’s microcystin guidelines. These guidelines are what the 
State of Iowa follows for their health risk advisories for the public when microcystin is 
sampled in the lake. Using the risk index allowed for an easier analysis because there was 
such a wide range of microcystin values to begin with.  
Table 3. US EPA microcystin level risk index. 
Relative Probability of Acute Health 
Effects 
Microcystin-LR (μg/L) Risk Index 
Low <10 0 
Moderate 10-20 1 
High 20-2,000 2 
Very High >2,000 3 
 
UTime Lag Analysis 
According to literature, the timing of CyanoHABs is not well understood. In this 
study, one of the goals is to isolate and identify time lags which might prove critical to 
finding associations between microcystin toxin levels and antecedent climatic conditions. 
Wetter than average winters and springs followed by dry summers is speculated to be one 
of the main causes for increased harmful algal blooms during the summer months (Paerl 
& Huisman, 2008). Maximum temperature and microcystin were plotted for each lake for 
each year. Creating these plots allowed for easier inspection of the anticipated overall 
upward microcystin trends for each summer (Figure 3). These plots revealed that 
microcystin increases in concentration over time, and then falls back down. These peaks 
in concentration are the peaks that were used to identify time lags from. Figure 4 shows 
the overall summer trend for microcystin and maximum temperature for Pikes Point 
27 
beach at West Okoboji Lake. Time lags for this study are: winter (December, January, 
February), spring (March, April, May), and 60, 30, 21, 14, 7, 3, 2, and 1 days. For these 
time lags, the mean precipitation, mean maximum temperature, mean minimum 
temperature, mean soil moisture, and cumulative precipitation were calculated. The time 
lags in the study are the time periods that have been suggested in the literature to have 
influence on harmful algal blooms. Having the averages of each variable for specific time 
periods allowed for me to perform time lag analysis.  
Figure 3. Three years (2010-2012) of maximum daily temperatures and microcystin 
samples for Pikes Point Beach at West Okoboji Lake. 
 
 
Figure 4. 2011 summer maximum daily temperature and microcystin. 
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Using the python module StatsModels, a correlation matrix was created for every 
variable to identify variables that could be removed before running any regressions on the 
data. The maximum microcystin value for each summer was found for each lake and put 
into a table for regression analysis. For each of the time lags the climatic variables were 
averaged for each time frame, and included in the table for regression analysis with the 
maximum microcystin values and other variables.  
ULogistic Regression Analysis 
With the time lag table compiled, I performed a backward elimination logistic 
regression on the entire table. With the StatsModels module in python, a logistic 
regression was performed on the variables. Before the logistic regression could be 
performed, the microcystin data needed to be transformed into either a ‘0’ for no 
microcystin, or a ‘1’ for microcystin presence. Once the regression was performed, 
variables that were not statistically significant at a level of 0.25 were removed from the 
regression. Since there are so many variables going into the regression, a higher threshold 
for alpha was necessary to increase the likelihood of statistically significant variables 
remaining in the regression. Variables that are significant in the end of the regression, 
may not be significant in the beginning of the stepwise elimination. This process was 
repeated until all variables in the model were statistically significant.  
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UMultiple Linear Regression Analysis 
I performed the backwards elimination multiple linear regression (MLR) to the 
same time lag table with all the watershed and water quality variables. The variables with 
calculated mean precipitation, mean maximum temperature, mean minimum temperature, 
mean soil moisture, and cumulative precipitation were used in this linear regression. In 
order to produce a model that can predict microcystin, microcystin concentrations less 
than 10, and outliers were removed from the dataset. There is such a wide range of values 
of microcystin that a model ran on all the data was very poor. Having only these variables 
included in the regression analysis allowed us to see if there were statistically significant 
time lags present without the other variables affecting the final values. A backwards 
elimination stepwise linear regression was performed and the regression produced 
variables that were deemed to be significantly significant (α ≤ .25).  
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CHAPTER IV  
RESULTS  
 This study aimed to identify what relationship antecedent climatic and land use 
conditions have with harmful algal bloom occurrence and microcystin toxin 
concentration during the years of 2006-2016. A basic correlation matrix was created from 
all variables in the dataset. Using the matrix, variables that had little to no correlation 
were removed. Turbidity was the only water quality variable in this study that best 
correlated with harmful algal bloom occurrence. This variable can help predict a bloom, 
but would do better with other water quality variables that were not available.  
Trend in Harmful Algal Bloom Occurrence 
 Over the past 10 years, there has been an increasing trend in harmful algal 
blooms. Figure 5 shows that there is a slight increase in microcystin concentrations over 
the past 10 years. This not only indicates that the microcystin concentrations are 
increasing over time, but that there is increasing occurrence of blooms as well which is 
seen by the increase in advisories each year.  
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Figure 5. A scatter plot of microcystin concentrations in the study area beaches from 
2006-2016 showing an increasing trend in concentrations.  
 
Logistic Regression Analysis 
 The logistic regression produced 21 variables that were shown to be statistically 
significant when predicting the presence of microcystin. The coefficients in Table 4 
suggest that the variables do not have a great amount of influence on the presence of 
microcystin. The model is able to account for 44% of the variation in the data. The 
influence of soil moisture on microcystin changes is based on the time period prior to a 
harmful algal bloom. Higher soil moisture a month prior, and 2 weeks prior can lead to 
reduced microcystin, while higher moisture 3 weeks prior can lead to an increase in 
microcystin in the water. The time lags present for temperatures can help explain bloom 
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occurrence or lack thereof. Cooler winters, and warmer springs have a positive influence 
on microcystin concentrations, while wetter winters will have a negative influence and 
drier springs have a slight positive influence. The most interesting time lags are for up to 
a week prior. On average, if temperatures are cooler a week, 2 days, or 1 day before the 
blooms, it could lead to increased microcystin. On the other hand, warmer temperatures 
the day before could have a negative influence. Each of these variables had very high 
significance in the logistic regression model with P-values of 0.019 or less. Figure 6 
below shows a box plot of the observed microcystin values and the predicted values. The 
box plot shows that for instances where there is no microcystin, the mean predicted value 
is low, with some higher outliers. When there is microcystin present, the mean predicted 
value is approximately 0.5, but has a range from 0 to 1. This shows that there is poor 
predictability in the logistic regression.  
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Table 4. Summary output table of logistic regression with final statistically significant 
values. 
VARIABLE COEF P VALUE 
Dissolved Oxygen -0.2307 0.0 
Precipitation (PRISM same day) 0.488 0.0 
Turbidity 0.0267 0.0 
Average Soil Moisture 1 Month prior -0.1008 0.0 
Average Min. Temp. 3 Days prior -0.936 0.0 
Average Min. Temp. 1 Day prior 0.5046 0.0 
Average Max. Temp 1 Day prior -0.6694 0.0 
Constant -17.9422 0.001 
Average Soil Moisture 3 Weeks prior 0.1569 0.001 
Average Min. Temp. 2 Days prior 0.725 0.001 
Open Water 6.458 x 10P-8 0.012 
Total Stream Length  0.012 0.016 
Average Min. Temp. 1 Week prior 0.4386 0.019 
Average Spring Soil Moisture 0.0845 0.055 
Precipitation (Water Quality same day) -0.0421 0.06 
Average Winter Min. Temp. 0.1198 0.068 
Average Soil Moisture. 2 Weeks prior -0.051 0.107 
Average Spring Max. Temp. 0.1669 0.126 
Average Max. Temp. 2 Weeks prior -0.288 0.138 
Average Winter Soil Moisture -0.0407 0.158 
Average Min. Temp. 2 Weeks prior 0.2735 0.235 
 
Log Regression 
Dependent Variable: Log of Microcystin  RP2P = 0.44 
P ≤ 0.25 for elimination 
34 
 
Figure 6. Logistic regression box plot of observed and predicted microcystin 
concentrations. 
 
Multiple Linear Regression Analysis 
 All the variables that I found to be significant from the correlation matrix were 
used in the regression analysis. Through the multiple linear regression analysis, I found 
that there are several statistically significant relationships between the variables that I 
included and microcystin toxin (Table 5). The MLR produced an R-squared value of 
0.45. No discernable signals or time lag periods were identified to help determine when a 
bloom could occur. The most significant variables for climatic variables were: 21 day 
average minimum temperature, 21 day average maximum temperature 14 day average 
minimum temperature, and 14 day average maximum temperature. Climatic variables for 
same day as the sample was taken also had strong significance. Each of these variables 
35 
had P-values ˂ .001, except for the 14 day average maximum temperature with a P-value 
of 0.001. Of the water quality variables included in the regression, turbidity, water 
temperature, and total coliform had significance with P-values of 0.0, 0.002, and 0.008, 
respectively. The only watershed factor that had significance was the total length of 
streams in the watershed. Turbidity has a positive correlation with microcystin toxin, but 
this is likely due to the fact that more microcystin toxin would be due to more algae in the 
water, which in turn increases turbidity. A correlation plot was created for each of the 
significant variables from the MLR to identify which variables had a correlation with 
microcystin on their own, rather than in conjunction with other variables (Figure 7). They 
were identified as significant in the MLR, but they cannot be used to explain microcystin 
concentrations on their own. The correlation scatter plot shows no correlation between 
the 2 variables, and a plot with all other statistically significant variables from the linear 
regression show no correlations between them as well. 
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Table 5. Summary output table of linear regression with final statistically significant 
values. 
 
Linear Regression 
Dependent Variable: 
Microcystin 
RP2P = 0.45 
P ≤ 0.25 for elimination 
VARIABLE COEF P VALUE 
Constant -137.48 0.034 
Turbidity  0.2047 0.000 
Average Min. Temp. 3 
Weeks prior  
-53.7680 0.000 
Average Max. Temp. 3 
Weeks prior  
51.0939 0.000 
Average Min. Temp. 2 
Weeks prior  
50.9451 0.000 
Average Max. Temp. 2 
Weeks prior  
-44.230 0.001 
Water Temperature  -1.4751 0.002 
Min Temp (PRISM same 
day) 
-6.8576 0.003 
Total Coliform 0.0029 0.008 
Max Temp (PRISM same 
day) 
2 0.015 
Mean Temp (PRISM same 
day) 
2.559 0.015 
Total Stream Length 
(Watershed) 
0.375 0.047 
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Figure 7. Correlation plots with microcystin as the dependent variable on the Y axis, and 
significant independent variables from the linear regression.  
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The predicted values and observed values were plotted against each other to see 
how well the model performed, and if it is over or under predicting microcystin 
concentrations (Figure 8). Based on the plot, it appears that the model is under-predicting 
high microcystin concentrations, and over-predicting low microcystin concentrations. 
Residuals from the linear regression were also plotted with predicted values of 
microcystin concentrations to see how they compared (Figure 9). Examination of the 
residuals and predicted plot shows that there are a lot of under-predicted values for 
microcystin concentrations. 
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Figure 8. Observed microcystin values and predicted microcystin results from linear 
regression. (RP2P = .45). 
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Figure 9. Standardized residuals and predicted microcystin results from linear regression. 
(RP2P = .45). 
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CHAPTER V 
DISCUSSION AND CONCLUSION 
Time Lag Analysis 
 As previously stated, there is a strong relationship between eutrophication and 
harmful algal blooms, but the timing of blooms is not fully understood (Paerl & Paul, 
2012). There are known drivers of algal blooms such as eutrophication and increasing air 
temperatures, but the amount of time for the algae to respond with growth is still 
relatively undefined. The major drivers of algal blooms are climatic conditions, 
surrounding land use, and water quality.  
The identification of a time lag for climatic drivers could help predict future 
blooms. Warmer air temperatures can lead to increased water temperatures, especially 
near the surface of the water where algae are mostly found. Temperatures reaching or 
exceeding 25°C are optimal conditions for CyanoHAB growth (Paerl & Paul, 2012). 
Rainfall also plays an important role in the development of CyanoHABs. A large amount 
of rain following a prolonged drought period could wash nutrients into the waterways 
that are available on the soil surface (Reichwaldt & Ghadouani, 2012). Soil moisture in 
this study was used as a proxy to identify when the soil was dry and nutrients could be 
washed away into nearby water bodies. Seasonal precipitation and temperatures are also 
thought to have an impact on bloom formation, specifically increased precipitation in 
winter and spring, followed by warmer dry periods (Paerl & Huisman, 2008).  
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ULogistic Regression Analysis  
 The logistic regression (Table 4) produced some results consistent with what has 
been stated in the literature. There was more influence from higher soil moisture a month 
and 2 weeks prior that lead to reduced microcystin. This could be due to wetter soils 
having less available nutrients on the surface to wash away. The time period of 3 weeks 
before a bloom with high soil moisture led to an increase in microcystin, which could be 
a function of dry soil with higher nutrient availability and those nutrients being washed 
into nearby water bodies. These relatively short-term time lags existed for soil moisture 
and temperatures, while longer time lags exist for seasonal variations in temperature and 
precipitation. A wetter winter is shown to have a negative influence on microcystin 
concentration, which is not consistent with the literature. A cooler winter and warm 
spring were shown to have a positive relationship with the microcystin concentration the 
following summer, which is consistent with Paerl and Huisman, (2008). 
 What does not align with the literature are the results that cooler temperatures a 
week, 2 days, or 1 day before the bloom provide an increased potential for a bloom. It has 
been found by many researchers that an increase in temperature will lead to an increase in 
blooms. In addition to the relationship found between the temperatures during this time 
lag and microcystin, another relationship between higher temperatures a day before and 
microcystin was found to be negative. These relationships cannot be explained by 
literature, and could be due to another climatic factor influencing the bloom the day 
before that has not been captured in this study.  
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UMultiple Linear Regression Analysis 
 The MLR yielded 11 variables that could be used to explain an increase in 
microcystin toxin. The output coefficients for the time lag variables show that there could 
be a strong relationship between microcystin and minimum and maximum temperatures 3 
weeks, and 2 weeks prior to the highest level of microcystin toxin. The linear regression 
revealed that there could be some possible time lags present for higher temperatures and 
lower temperatures 3 weeks prior to the bloom. These findings are consistent with 
previous research conducted by Paerl & Paul (2012). Higher temperatures 3 weeks prior 
can increase the likelihood of a bloom, and lower temperatures 3 weeks prior can 
decrease the likelihood of a bloom. Not only did this relationship occur 3 weeks before 
the bloom, but is also present the day of the bloom. Higher temperatures on the same day 
of sampling were consistent with higher microcystin, and a lower temperature on the 
same day was consistent with lower microcystin. This is confirms the findings in other 
research that increased temperatures favor cyanobacterial growth (Paerl & Huisman, 
2008). 
 Furthermore, it was also found that turbidity was positively correlated to the 
presence of microcystin. This is because turbidity is a function of the suspended sediment 
in the water, including the cyanobacterial cells. The increased turbidity can create a 
positive feedback loop in that the other organisms in the water have reduced light, and are 
thus have suppressed growth and establishment, allowing the buoyant cyanobacteria to 
flourish (Paerl & Paul, 2012). Because turbidity can also be an increase in suspended 
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sediment as well, this sediment could be a carrier of nutrients into the water. Lastly, the 
total length of all streams in the watershed the sampled lake is located in appears to have 
a positive effect on the microcystin in the water. This could be due the fact that more 
streams means that there is more area of the watershed being drained into the lake, which 
could in turn lead to more nutrient loading.  
Conclusion 
 The goal of this research was to determine what relationship antecedent climatic 
and land use conditions have with the occurrence of harmful algal blooms and the 
concentrations of microcystin for 2006-2016. This study also sought to identify the trend 
of harmful algal bloom and microcystin concentrations at monitored lakes throughout the 
state of Iowa. Not only did the study aim to identify a trend, but to also identify which 
factors most influence harmful algal bloom and if they can be used to predict the blooms. 
Integration of water quality data collected by the IDNR, watershed characteristics, and 
climatic data was accomplished with a significant amount of automated scripting using 
Python language. By running multiple linear and logistic regressions for the data set, key 
variables including turbidity, and different time periods of antecedent soil 
moisture/precipitation/temperatures were found to be predictors of blooms and 
microcystin concentrations.  
 The results of this research show that specific variables such as turbidity, and 
varying temperatures approximately 3 weeks prior are correlated and thus increase 
microcystin concentrations. The results also indicate that seasonal weather variations can 
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have an effect on harmful algal blooms and microcystin concentrations. Each year, there 
is a steady increase in microcystin in the lakes from the first day of water sampling. This 
increase in microcystin follows the same increase in air temperature. This is to be 
expected, as algae grow better in warmer temperatures. According to this research, 
warmer temperatures are not always the most suitable, and can have a negative influence 
on blooms. The results of the logistic and linear regression analysis yielded RP2 Pvalues of 
0.44 and 0.45, respectively. While the results from each regression analysis showed that 
there is a relatively low amount of variation explained by the models, they still provided 
insight into what antecedent climatic and land use variables might be present or 
contribute to a bloom. It was found that cooler winters and warm spring temperatures, as 
well as soil moisture can have an influence on blooms that occur during the following 
summer. This is consistent with research presented in the literature. Not only do seasonal 
variations have an influence, but temperature and soil moisture for time periods right 
before the bloom also have an impact. Time frames of 3 weeks, 2 weeks, 3 days, 2 days, 
and 1 day prior to the blooms can provide insight about the possibility of a harmful algal 
bloom, depending on the temperatures and soil moisture during said time frames.  
 It is apparent through this research that the variables included in the study can 
partially explain the occurrence of blooms, but there is more information needed to be 
able to accurately predict when a bloom will happen. Climatic, land use, watershed, and 
water quality data that was used in this study was as complete as possible. The lack of 
thorough water quality data limited how well the models could predict microcystin 
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concentrations. The lack of nutrient data such as Nitrogen and Phosphorus also 
demonstrated that harmful algal blooms are a function of local, smaller scale factors, 
which is consistent with findings from Taranu (2017). It is clear after this research that 
regional scale factors struggle to effectively explain the development of harmful algal 
blooms. It is important to note that there is a wide consensus amongst researchers that 
harmful algal blooms are not caused by a single driver, but rather a multitude of drivers 
occurring simultaneously (Heisler et al., 2008). No one variable can be used to explain 
the occurrence of a harmful algal bloom, it is a combination of many different ones 
interacting.  
Land use of the surrounding area also showed to have a large influence on 
CyanoHAB occurrence. Lakes that had more forested areas were less likely to develop a 
bloom. This is due to less human influence on the land. These watersheds have less 
cultivated crops and more forested land use, meaning that the amount of nutrients that 
would be found in forested areas would be considerably less. There is a strong correlation 
between nutrient concentrations in lakes and watershed land use patterns in the Midwest 
region of the country (Jones, Knowlton, Obrecht, & Cook, 2004). This finding is 
consistent with the research pertaining to the association of ecoregions and microcystin 
concentrations conducted by Beaver (2014). 
The variables that were found to have an influence on bloom occurrence provide 
insight as to what the main drivers of CyanoHABs are. Knowing that seasonal and recent 
temperatures, as well as soil moisture play a role in the propagation of the blooms 
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narrows the scope of drivers for other researchers to investigate. This study successfully 
identified what variables may not contribute to blooms during specific time frames, and 
this is very useful in this area of research where little is known about the timing of 
blooms. What is apparent from this research is that there are time lags present for 
temperatures and soil moisture, in turn causing a harmful algal bloom.  
Problems and Limitations 
 Current beach water quality monitoring occurs only at the location of the beach, 
and the information gathered from samples is then used estimate the water quality for the 
entire lake. This can lead to incorrect assumptions being made about the overall water 
quality for the lake. The water quality sampling can only represent the water where it was 
sampled, and is not representative of the entire lake. Water quality samples were 
sometimes not consistently retrieved for some lakes during the summer sampling months. 
Sampling was occasionally done on scum sitting on the surface of the water. This 
drastically increased microcystin values because it was not a composite sample from 
multiple locations. In order to have only composite samples, the scum samples were 
removed from the data. Inadequate storage of water quality samples can lead to errors, 
along with other factors during the procedure. For the years 2014-2016, there was no 
sampling performed for: dissolved oxygen, Enterococcus, water temperature, total 
Coliform, turbidity, or pH. Only microcystin concentration and Escherichia coli were 
sampled from 2014-2016. The lack of sampling for 3 years of the study period could 
contribute to the lack of correlation between water quality variables and microcystin.  
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 Watershed basins were delineated for each of the lakes that are sampled by the 
IDNR. The USGS provides an online tool to manually delineate a basin based on a user 
selected location. Some watersheds that were delineated were very small, and some came 
out very large, depending on the size of the lake. Errors could come from a watershed not 
delineating the correct way for a particular lake.   
Future Research and Considerations 
 There are many ways in which this research could be expanded upon, both in the 
state of Iowa, and anywhere in the world harmful algal blooms occur. The most important 
addition to this research would be data for the nutrient concentrations in the water, most 
specifically Nitrogen and Phosphorus. Nutrients are an important aspect of the formation 
of blooms, as found in the literature. Nutrient sampling data in conjunction with climatic 
data would likely yield insightful results. Other variables that could not be accounted for 
that could have an impact on the blooms are wind speed/direction and rain intensity. 
Lastly, time lag periods could be calculated for each day that microcystin toxin is present 
or the initial appearance, rather than the day microcystin reaches peak concentration. This 
could expand the data to include more variations of temperature, precipitation and soil 
moistures. 
 The results from this study indicate that even with the diversity of variables 
included in the analysis, there are more factors at play. These factors are likely more 
localized phenomenon such as lake inputs and nutrient loads. These additional variables 
could be helpful in the identification of more specific causes and time frames of a bloom. 
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An improved sampling regimen would provide a better data to further this research. The 
IDNR should have a better sampling schedule, as well as include other water quality 
variables such as Nitrogen and Phosphorus. Consistent sampling of microcystin and lab 
analysis could provide more robust data for future research.  
 Are there signals that can determine when a harmful algal bloom will appear in 
the future? This is one question that remains mostly unanswered in this research. It was 
found that temperatures 14 and 21 days before a bloom have some kind of impact, but it 
is still unsure if those are the actual best time frames, or if there is another time frame that 
is overlapping with these.  
  
50 
 
REFERENCES 
Abraxis, LLC,. (2017). Retrieved from http://www.abraxiskits.com/wp-
content/uploads/2017/02/Microcystins-ADDA-520011-Insert.pdf 
Andersen, P. (1996). Design and implementation of some harmful algal monitoring 
systems (Vol. 44). Unesco. Retrieved from 
http://www.jodc.go.jp/jodcweb/info/ioc_doc/Technical/103570e.pdf 
Anderson, D. M., Glibert, P. M., & Burkholder, J. M. (2002). Harmful Algal Blooms and 
Eutrophication: Nutrient Sources, Composition, and Consequences. Estuaries, 
25(4), 704–726. https://doi.org/10.2307/1353028 
Beaulieu, M., Pick, F., & Gregory-Eaves, I. (2013). Nutrients and water temperature are 
significant predictors of cyanobacterial biomass in a 1147 lakes data set. 
Limnology and Oceanography, 58(5), 1736–1746. 
https://doi.org/10.4319/lo.2013.58.5.1736 
Beaver, J. R., Manis, E. E., Loftin, K. A., Graham, J. L., Pollard, A. I., & Mitchell, R. M. 
(2014). Land use patterns, ecoregion, and microcystin relationships in U.S. lakes 
and reservoirs: A preliminary evaluation. Harmful Algae, 36, 57–62. 
https://doi.org/10.1016/j.hal.2014.03.005 
Carmichael, W. W., Azevedo, S. M., An, J. S., Molica, R. J., Jochimsen, E. M., Lau, S., 
… Eaglesham, G. K. (2001). Human fatalities from cyanobacteria: chemical and 
biological evidence for cyanotoxins. Environmental Health Perspectives, 109(7), 
663–668. 
Carpenter, S. R., Caraco, N. F., Correll, D. L., Howarth, R. W., Sharpley, A. N., & Smith, 
V. H. (1998). Nonpoint pollution of surface waters with phosphorus and nitrogen. 
Ecological Applications, 8(3), 559–568. 
Carvalho, L., Poikane, S., Solheim, A. L., Phillips, G., Borics, G., Catalan, J., … 
Thackeray, S. J. (2013). Strength and uncertainty of phytoplankton metrics for 
assessing eutrophication impacts in lakes. Hydrobiologia, 704(1), 127–140. 
https://doi.org/10.1007/s10750-012-1344-1 
Chiew, F. H. S., Whetton, P. H., McMahon, T. A., & Pittock, A. B. (1995). Simulation of 
the impacts of climate change on runoff and soil moisture in Australian 
catchments. Journal of Hydrology, 167(1–4), 121–147. 
51 
CropScape: A Web Service Based Application for Exploring and Disseminating US 
Conterminous Geospatial Cropland Data Products for Decision Support (PDF 
Download Available). (n.d.). http://dx.doi.org/10.1016/j.compag.2012.03.005 
Davis, A. P., & McCuen, R. H. (2005). Stormwater Management for Smart Growth. New 
York, NY: Springer Science & Business Media. 
Dietrich, D., & Hoeger, S. (2005). Guidance values for microcystins in water and 
cyanobacterial supplement products (blue-green algal supplements): a reasonable 
or misguided approach? Toxicology and Applied Pharmacology, 203(3), 273–
289. https://doi.org/10.1016/j.taap.2004.09.005 
Downing, J. A., & McCauley, E. (1992). The nitrogen: phosphorus relationship in lakes. 
Limnology and Oceanography, 37(5), 936–945. 
Environmental Council of Iowa. (2017). Toxic Blue-Green Algae: A Threat to Iowa 
Beaches and Beachgoer. Retrieved February 4, 2018, from 
http://www.iaenvironment.org/webres/File/IEC_Cyanobacteria_Facts_2017_Final
.pdf 
Glibert, P. M., Anderson, D. M., Gentien, P., Granéli, E., & Sellner, K. G. (2005). The 
global, complex phenomena of harmful algal blooms. Oceanography, 18(2), 131–
141. 
Heisler, J., Glibert, P. M., Anderson, D. M., Cochlan, W., Dennison, W. C., Dortch, Q., 
… Suddleson, M. (2008). Eutrophication and harmful algal blooms: A scientific 
consensus. Harmful Algae, 8(1), 103–110. 
https://doi.org/10.1016/j.hal.2008.08.006 
Hutchinson, G. E. (1973). Marginalia: Eutrophication: The scientific background of a 
contemporary practical problem. American Scientist, 61(3), 269–279. 
https://doi.org/10.2307/27843785 
Iowa Department of Natural Resources. (2013). Lake Water Quality Summary 2000-
2012. Des Moines, IA. (pp. 1–4). 
Jones, J. R., Knowlton, M. F., Obrecht, D. V., & Cook, E. A. (2004). Importance of 
landscape variables and morphology on nutrients in Missouri reservoirs. 
Canadian Journal of Fisheries and Aquatic Sciences, 61(8), 1503–1512. 
https://doi.org/10.1139/f04-088 
Kardinaal, W. E. A., Tonk, L., Janse, I., Hol, S., Slot, P., Huisman, J., & Visser, P. M. 
(2007). Competition for Light between Toxic and Nontoxic Strains of the 
52 
Harmful Cyanobacterium Microcystis. Applied and Environmental Microbiology, 
73(9), 2939–2946. https://doi.org/10.1128/AEM.02892-06 
Kato, T., Kuroda, H., & Nakasone, H. (2009). Runoff characteristics of nutrients from an 
agricultural watershed with intensive livestock production. Journal of Hydrology, 
368(1), 79–87. https://doi.org/10.1016/j.jhydrol.2009.01.028 
Kleinman, P. J. A., Srinivasan, M. S., Dell, C. J., Schmidt, J. P., Sharpley, A. N., & 
Bryant, R. B. (2006). Role of Rainfall Intensity and Hydrology in Nutrient 
Transport via Surface Runoff. Journal of Environment Quality, 35(4), 1248. 
https://doi.org/10.2134/jeq2006.0015 
Kudela, R. M., Lane, J. Q., & Cochlan, W. P. (2008). The potential role of 
anthropogenically derived nitrogen in the growth of harmful algae in California, 
USA. Harmful Algae, 8(1), 103–110. https://doi.org/10.1016/j.hal.2008.08.019 
Nixon, S. (1995). Coastal Marine Euthrophication: A Defenition, Social Causes, and 
Future Concern. Ophelia, 41, 199–219. 
O’Neil, J. M., Davis, T. W., Burford, M. A., & Gobler, C. J. (2012). The rise of harmful 
cyanobacteria blooms: The potential roles of eutrophication and climate change. 
Harmful Algae, 14, 313–334. https://doi.org/10.1016/j.hal.2011.10.027 
Paerl, H. W., & Huisman, J. (2008). CLIMATE: Blooms Like It Hot. Science, 320(5872), 
57–58. https://doi.org/10.1126/science.1155398 
Paerl, H. W., & Paul, V. J. (2012). Climate change: Links to global expansion of harmful 
cyanobacteria. Water Research, 46(5), 1349–1363. 
https://doi.org/10.1016/j.watres.2011.08.002 
PRISM Climate Group, Oregon State University (2017, October). Retrieved from 
http://prism.oregonstate.edu 
Reichwaldt, E. S., & Ghadouani, A. (2012). Effects of rainfall patterns on toxic 
cyanobacterial blooms in a changing climate: Between simplistic scenarios and 
complex dynamics. Water Research, 46(5), 1372–1393. 
https://doi.org/10.1016/j.watres.2011.11.052 
Ries III, K. G., Newson, J. K., Smith, M. J., Guthrie, J. D., Steeves, P. A., Haluska, T. L., 
… Vraga, H. W. (2017). StreamStats, version 4 (USGS Numbered Series No. 
2017–3046). Reston, VA: U.S. Geological Survey. Retrieved from 
http://pubs.er.usgs.gov/publication/fs20173046 
53 
Rinta-Kanto, J. M., Konopko, E. A., DeBruyn, J. M., Bourbonniere, R. A., Boyer, G. L., 
& Wilhelm, S. W. (2009). Lake Erie Microcystis: Relationship between 
microcystin production, dynamics of genotypes and environmental parameters in 
a large lake. Harmful Algae, 8(5), 665–673. 
https://doi.org/10.1016/j.hal.2008.12.004 
State Beach Monitoring. (2017, May 1). [Government]. Retrieved October 15, 2016, 
from http://www.iowadnr.gov/Environmental-Protection/Water-Quality/Water-
Monitoring/Beaches 
Stutter, M. I., Langan, S. J., & Cooper, R. J. (2008). Spatial contributions of diffuse 
inputs and within-channel processes to the form of stream water phosphorus over 
storm events. Journal of Hydrology, 350(3–4), 203–214. 
https://doi.org/10.1016/j.jhydrol.2007.10.045 
Taranu, Z. E., Gregory-Eaves, I., Steele, R. J., Beaulieu, M., & Legendre, P. (2017). 
Predicting microcystin concentrations in lakes and reservoirs at a continental 
scale: A new framework for modelling an important health risk factor: Global 
Ecology and Biogeography, 26(6), 625–637. https://doi.org/10.1111/geb.12569 
Taranu, Z. E., Zurawell, R. W., Pick, F., & Gregory-Eaves, I. (2012). Predicting 
cyanobacterial dynamics in the face of global change: the importance of scale and 
environmental context. Global Change Biology, 18(12), 3477–3490. 
https://doi.org/10.1111/gcb.12015 
Turgeon, D., Sellner, K., & Scavia, D. (1998). Status of U.S. harmful algal blooms : 
progress toward a national program : harmful algal blooms kill coastal marine 
wildlife and poison humans. National Oceanic and Atmospheric Administration. 
Retrieved from http://scavia.seas.umich.edu/wp-
content/uploads/2009/11/hab_brochure.pdf 
Turner, B. L., & Haygarth, P. M. (2001). Biogeochemistry: Phosphorus solubilization in 
rewetted soils. Nature, 411(6835), 258–258. https://doi.org/10.1038/35077146 
United States Environmental Protection Agency. (2012). 2012 National Lakes 
Assessment. Field Operations Manual. EPA 841-B-11-003. Washington D.C.: 
U.S.Environmental Protection Agency, Washington, DC. 
United States Environmental Protection Agency. (2017). Recommendations for 
Cyanobacteria and Cyanotoxin Monitoring in Recreational Waters (pp. 1–15). 
Retrieved from https://www.epa.gov/sites/production/files/2017-
07/documents/08_july_3_monitoring_document_508c_7.5.17.pdf 
54 
Water Quality Standards, § 567.61 (1977). Retrieved from 
https://www.legis.iowa.gov/docs/ACO/chapter/567.61.pdf 
Weirich, C. A., & Miller, T. R. (2014). Freshwater Harmful Algal Blooms: Toxins and 
Children’s Health. Current Problems in Pediatric and Adolescent Health Care, 
44(1), 2–24. https://doi.org/10.1016/j.cppeds.2013.10.007 
World Health Organization. (2003). Guidelines for Safe Recreational Water 
Environments: Volume 1: Coastal and Fresh Waters. Geneva, Switzerland: World 
Health Organization. 
  
55 
APPENDIX A 
USGS WATERSHED VARIABLES 
 Appendix A contains a table of all variables given when watershed delineation 
was performed for each lake in the study. Not all variables in the table were included in 
the analysis.  
Abbreviated USGS Basin 
Characteristics Characteristic Description Units 
DRNAREA Area that drains to a point on a stream Square miles 
DRNFREQ Drainage Frequency 1P
st
P order streams per 
square mile 
BFI 
Proportion of mean annual 
flow that is from ground 
water (base flow) 
N/A 
RSD Relative stream density first defined in SIR 2012_5171 N/A 
PRECIP Mean Annual Precipitation  Inches 
HYSEP 
Hydrograph separation 
percent 
 
Percent 
I24H10Y 
Maximum 24-hour 
precipitation that occurs on 
average once in 10 years 
Inches 
CCM 
Constant of channel 
maintenance computed as 
drainage area divided by 
total stream length 
Square mile per mile 
DESMOIN Area underlain by Des Moines Lobe percent 
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Abbreviated USGS Basin 
Characteristics Characteristic Description Units 
STRMTOT 
Total length of all mapped 
streams (1:24,000 scale) in 
the basin 
Miles 
CSL10_85 
Change in elevation divided 
by lenth between points 10 
and 85 percent of distance 
along main channel to basin 
divide-main channel method 
not known 
Feet per mile 
BSHAPE Basin shape factor for area N/A 
FOSTREAM Number of first order streams N/A 
BASELENAH 
Basin length from outlet to 
basin divide determined 
using the method in the 
ArcHydro Toolset 
Miles 
SSURGOKSAT 
Saturated hydraulic 
conductivity in micrometers 
per second from NRCS 
SSURGO database 
Micrometers 
SSURGOA 
Percentage of area of 
Hydrologic Soil Type A 
from SSURGO 
Percent 
SSURGOB 
Percentage of area of 
Hydrologic Soil Type B 
from SSURGO 
Percent 
SSURGOC 
Percentage of area of 
Hydrologic Soil Type C 
from SSURGO 
Percent 
SSURGOD 
Percentage of area of 
Hydrologic Soil Type D 
from SSURGO 
Percent 
LC11IMP 
Average percentage of 
impervious area determined 
from NLCD 2011 
impervious dataset 
Percent 
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Abbreviated USGS Basin 
Characteristics Characteristic Description Units 
LC11DEV 
Percentage of developed 
(urban) land from NLCD 
2011 classes 21-24 
Percent 
LC11CRPHAY 
Percentage of cultivated 
crops and hay, classes 81 
and 82, from NLCD 2011 
Percent 
HUCID The Hydrologic Unit Code assigned to the basin N/A 
BSLDEM10M Mean basin slope computed from 10m DEM Percent 
CSL100 Longest flow path slope in feet per miles, using DEM N/A 
HIGHREG HIGHREG N/A 
PRJULDEC10 
Basin average mean 
precipitation for July to 
December from PRISM 
1981-2010 
Inches 
STREAM_VARG 
Streamflow variability index 
as defined in WRIR 02-
4068, computed from 
regional grid 
N/A 
TAU_ANN_G 
Tau, Average annual base-
flow recession time constant 
as defined in SIR 2008-5065 
Days 
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APPENDIX B 
USDA CROP COVER CLASSES 
 Appendix B contains a table of original crop cover classes for crop cover data 
obtained from USDA Cropscape for 2006-2016. The table also indicates what the new 
class for crop cover was when the data were reclassified.  
Original Class New Class 
Background Background 
Corn Corn 
Sorghum Other Crops 
Soybeans Soybeans 
Sunflower Other Crops 
Sweet Corn Other Crops 
Pop or Orn Corn Other Crops 
Barley Other Crops 
Durum Wheat Other Crops 
Spring Wheat Spring Wheat 
Winter Wheat Winter Wheat 
Other Small Grains Other Crops 
Dbl Crop WinWht/Soybeans Other Crops 
Rye Rye 
Oats Oats 
Millet Other Crops 
Canola Other Crops 
Flaxseed Other Crops 
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Original Class New Class 
Alfalfa Alfalfa 
Other Hay/Non Alfalfa Other Crops 
Camelina Other Crops 
Buckwheat Other Crops 
Sugarbeets Other Crops 
Dry Beans Other Crops 
Other Crops Other Crops 
Misc Vegs & Fruits Other Crops 
Peas Other Crops 
Hops Other Crops 
Herbs Other Crops 
Clover/Wildflowers Open Land 
Sod/Grass Seed Other Crops 
Switchgrass Open Land 
Fallow/Idle Cropland Open Land 
Forest Forest 
Apples Other Crops 
Grapes Other Crops 
Wetlands Wetland 
Nonag/Undefined Barren 
Open Water Open Water 
Developed/Open Space Developed 
Developed/Low Intensity Developed 
Developed/Med Intensity Developed 
Developed/High Intensity Developed 
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Original Class New Class 
Barren Barren 
Deciduous Forest Forest 
Evergreen Forest Forest 
Mixed Forest Forest 
Shrubland Shrubland 
Grass/Pasture Open Land 
Woody Wetlands Wetland 
Herbaceous Wetlands Wetland 
Triticale Other Crops 
Strawberries Other Crops 
Dbl Crop WinWht/Corn Other Crops 
Pumpkins Other Crops 
Dbl Crop WinWht/Sorghum Other Crops 
Dbl Crop Corn/Soybeans Other Crops 
Dbl Crop Barley/Soybeans Other Crops 
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APPENDIX C 
IOWA STATE BEACH WATER QUALITY DATA 2006-2012 
 The table in appendix C is an example of the water quality variables and sample 
results from the IDNR state beach monitoring for each lake in the study.  
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4/18/2006 
9
.
6 
0 0 14 
 1
4 
8
.
4 
 
4/25/2006 10 0 0 
1
4 
 5 
8
.
4 
 
5/2/2006 
1
0
.
1 
0 10 
1
5
.
1 
 3 
8
.
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5/9/2006 10 
3
0
0 
0 
1
6
.
7 
 5 
8
.
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5/16/2006 
1
0
.
3 
4
0
0 
1
0 
1
3
.
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 3 
8
.
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5/23/2006 
1
0
.
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4
0
0 
0 
1
8
.
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 4 
8
.
4 
0.38 
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4
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1
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.
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1
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8
.
3 
0 
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8
.
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3
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6
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1
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